roads" files for each US metropolitan and micropolitan statistical area (6). Speed limits were assigned to the roads based on 48 MTFCC feature class designation, which distinguishes between primary, secondary, and local tertiary roads (6). Speed limit 49 assumptions were for free-flow traffic: 80, 60, 45, 30, and 4 mph for highway, primary, secondary, tertiary roads, and walking 50 speeds, respectively.
51
These speed limits are converted to travel times to traverse each grid cell (e.g., to traverse a highway grid cell takes .0078 52 hours, 1km/(80mph*1.6kph/mph)). We then use a least cost path analysis, similar to those that are used for watershed 53 modeling, to determine the most cost-effective route between any origin and destination pair.
54
To test how well the speed limit assumptions mimic actual driving times, we compare predicted travel times from the least 55 cost analysis to those estimated by Google Distance API (9), an API that uses the Google Maps engine. A random sample of 56 44,665 geographic locations (1% from each urban area) are used as origin and destination pairs to compare estimates from the 57 two methods. A plot of regression results between Google estimated time and the least cost path estimates is shown in Figure   58 S1, (Table S1 ; RSE=9.3, R 2 =.96).
59
According to the linear regression model, trips that take over 17 minutes are generally underestimated by the gravity 60 measure, and trips that take less than 17 minutes are overestimated. Since the median American commute is 20 minutes, overestimates/underestimates travel time. Therefore, change in accessibility is less affected by the travel time error than 64 accessibility levels would be.
Transit Infrastructure data and Travel Times. For bus and subway travel, current spatial route data was scraped from OpenStreetMap
66
(10) for all US urban areas. OpenStreetMap is considered to be comprehensive for the US, and these transit routes have 67 been used in previous studies (11). It is important to note that actual bus and subway schedules, stop times, transfers, and frequencies were not taken into account. This study is less focused on the administration of transit, than on the permanent infrastructure of routes, rails, and the proximity between land uses which can lock-in equity and environmental outcomes over 70 time.
71
Bus speeds assumptions of 8, 9.75, 10. that speed assumptions between years are held stable so that accessibility changes driven by land use changes can be identified.
77
As with road speeds, a least cost path analysis is used to determine the most cost-effective route between any origin and 78 destination pair, using walking speeds to traverse grid cells where no transit lines exist.
79

Methods
80
Each of the datasets described in the previous section are used as inputs into a gravity-based measure of accessibility (13, 14) .
81
This measure is used to estimate accessibility change between the years of 2002-2014 for each US urban area. In addition, the 82 measure is used to explore the value of accessibility changes for (1) reducing emissions and (2) reducing inequity.
83
To determine the equity and emissions value of accessibility changes, we look at how accessibility has changed and who has 84 been affected by these changes. We create an equity and emissions index for each urban area. The measurement of accessibility,
85
accessibility change, and the methodology for deriving the emissions and equity indices are outlined in this section.
86
Measuring Access. Most empirical work on accessibility across large samples of cities uses job proximity as a measurement of 87 accessibility-focusing on spatial mismatches between jobs and disadvantaged working populations ( Figure S2a ) (15) . Job
88
proximity and other isochronic measures use Euclidean distances between jobs and households, ignoring the importance of 89 infrastructure configurations and travel speed, which contribute to accessibility dynamics. They also often rely on arbitrary 90 distance thresholds to calculate cumulative job counts (16).
91
To address these concerns, we use a gravity-based measure (13) to calculate the accessibility to jobs within each urban area Ci,j,m is operationalized most commonly as a negative exponential function of time cost, calculated by: where:
113 P OP is the total population of an urban area.
114
The constants of equation 3 (.109, -3.52*10 −8 ) were estimated empirically in Levine (2012) , by regressing urban population 115 against zone to zone travel times and trip flows gathered from US metropolitan planning organizations (MPO) (18). We reuse 116 these constants, and substitute the average total population of our sample of the 909 urban areas (P OP =411,900, β =.107431).
117
Low-Income and Average Job Access. As described in the data section, low-income population refers to the population that is d. Low-income accessibility is measured as the population weighted sum of accessibility, given the spatial distribution of low-income residents Pi,LI . Average accessibility is measured as the population-weighted sum of accessibility, given the spatial distribution of all residents Pi,avg. : From equation (1) and equation (4), then:
Oj,2014 * Ci,j,m
Oj,2002 * Ci,j,m
[7]
Especially when the mode m is a private automobile, increases in ∆A 
Oj,2002
Oj,2014
[8]
153
In equation 8, job magnitudes are held constant through the multiplier
J j=1
.
154
Therefore, the fraction of ∆A d,m caused by job growth, can be calculated as the difference between the observed and the 155 counterfactual, divided by the actual change:
We use this same methodology to isolate the effect of highway infrastructure on JAC . Starting with A jg d,m,2014 , since job growth has already been controlled for, we disaggregate speed and proximity effects. To control for speed, we create a counterfactual, altering the impedance function so that all roads are considered to have the speed limit of 30mph (48.3 kph). By doing this Si,j,m is held constant. The speed-invariant impedance function (C i,j,m ) is calculated as:
where s is the constant −β/48.3.
162
The counterfactual where speed is controlled, makes all roads equal, so the only differentiating factor is distance (proximity). [11]
166
Therefore, the percent change in accessibility caused by speed effects is:
The change in accessibility attributable to a "proximity effect" is the converse:
A non-spatial visual way to conceptualize these different effects is through population distribution diagrams of access.
171
Similar to Lorenz curves used to understand wealth distribution, we plot the accessibility levels of residents (y axis) that curve characterizes the distribution of total accessibility to jobs by car (blue), subway (green), and bus(red) for low-income 174 populations(dashed) and average populations (solid). Therefore:
The change in proximity, speed, and transit effects can be visualized as the difference between the areas under each curve 176 for the two years, after job growth is controlled for. . Access curves for New York City: blue lines indicate total auto access to work after job growth has been controlled for; purple indicates access without speed effects; green indicates subway access; red indicates bus access; dashed lines indicate low-income populations; solid lines indicate average populations. As shown, disparities between average and low-income populations have increased, especially for residents at the highest levels of access (right side of plot), which occur in the city center.
